An important problem in medical imaging is that of ef¿cient volumetric image compression. In addition to compression ef¿-ciency, scalable representations which allow access to the data at various qualities up to and including lossless reproduction are particularly important. Also important is the ability to access local regions of the volumetric data set or to alter the ¿delity or resolution with which a selected region is accessed. In this paper, we ¿rst consider bounds to the ef¿cacy of three dimensional transform techniques. We then propose a particular technique, based on motion adaptive wavelet lifting, which is able to realize the goals of high compression ef¿ciency, lossy to lossless scalability, and ef¿-cient random access, all within a single compressed data stream.
INTRODUCTION
This paper is concerned with the compression of volumetric image data such as that generated by X-ray Computed Tomography (CT) and Magnetic Resonance Imaging (MRI) processes, for medical and other diagnostic purposes. Although techniques for compressing such data sets have been considered by quite a number of researchers, our interest is in scalable compression techniques which also support a degree of random access into the volumetric data. More speci¿cally, our work in this area is motivated in part by a new work item within the JPEG working group (ISO/IEC JTC1/SC29/WG1). Known as JP3D, the purpose of this new work item is to explore enhancements to the JPEG2000 core coding system, with speci¿c application to volumetric image compression. As an image compression standard, JPEG2000 emphasizes scalability and the ability to access regions of interest within the image these are also important attributes for JP3D.
Volumetric data sets are best viewed as a collection of still images, known as slices. The slices represent cross sections of the subject at various positions along a third axis, the "slice axis." It is common for the subject to be sampled more coarsely along the slice axis than the other two (image) axes, although this need not necessarily be the case. It is always possible to compress the slices independently and we shall use such a scheme as our reference point. In particular, our reference compression scheme will be one in which each slice is compressed as a separate image component using the JPEG2000 baseline system, with rate control performed jointly over all image components.
Since neighbouring slices convey related spatial details, it is natural to try to improve compression ef¿ciency by exploiting these relationships. For scalable compression, the so-called "feedforward" compression paradigm has been found most successful, in which a reversible transform is followed by quantization and coding. Compression paradigms involving predictive feedback rely upon the compressor tracking the state of an assumed decompressor this works against the notion of scalability, which requires that the decompressor be able to work with any of a number of subsets drawn from the compressed data stream.
Within the feed-forward paradigm, the transform, the quantization and the coding are all candidates for extensions capable of exploiting the relationships between the slices. Ignoring the possibility of vector quantization for the time being, the most signi¿-cant candidates are: 1) three dimensional transform methods and 2) adaptive coding techniques based on three dimensional context modeling. Previously reported volumetric data transforms include separable 3D wavelet transforms [1, 2, 3, 4, 5] and the combination of a KLT along the slice axis with subsequent 2D wavelet transformation of the KLT transformed slices . An important advantage of 3D wavelet transforms is the ability to produce a scalable data stream which embeds subsets progressing in quality all the way up to a lossless representation [1] . In addition to separable transforms, some researchers have investigated the use of motion information within the context of a three dimensional transform. Rodler [6] proposes a scheme based on motion compensated prediction, which draws upon the hybrid compression paradigm common to most modern video compression standards. As already mentioned, however, predictive schemes are not generally compatible with ef¿cient scalable representations. In fact, ef¿cient motion-adaptive scalable video compression presents substantial technological challenges. Some of the more appropriate approaches are those of Ohm [7] , Choi and Woods [8] , Taubman and Zakhor [9] and Secker and Taubman [10] , the last of which is considered further in Section 4 of this paper.
In regard to three dimensional coding of quantization indices, a variety of techniques have been proposed, including 3D extensions of the well-known SPIHT algorithm [11] and 3D context modeling of bit-planes [12, 4] . The recent work of Schelkens [5] provides comparisons between a variety of different 3D coding techniques. Although some gain is possible through three dimensional context modeling, the gain appears to be small compared with that which can be achieved using three dimensional transforms.
The present work may be understood in two parts. We begin in Section 2 by considering bounds for the performance gain which can be expected through the application of separable 3D transforms. To this end, we develop coding gain expressions, giving empirical and actual compression results obtained in connection with various applications of the KLT. Contrary to conventional wisdom, a slice axis KLT does not maximize the coding gain of the combined slice-space transform. Nevertheless, the performance loss associated with the slice KLT appears to be less than dB.
As a practical transform, the KLT has a number of important drawbacks. It is not amenable to lossless compression. Nor does
The ability to do this is already enabled by Part 2 of the JPEG2000 standard.
it allow convenient access into local regions within the volumetric data set. In Sections 3 and 4 we show that similar compression performance can be obtained using three dimensional wavelet transforms, having ¿nite support along the slice axis. In particular, we show that a fully scalable compression scheme based on "motion" adaptive wavelet lifting is able to achieve similar compression performance to KLT-based schemes, while providing highly localized access into the volumetric data.
CODING GAIN AND THE KLT
In this section, we consider the potential bene¿ts to be obtained by adding a third dimension to the spatial transforms typically used to compress images. In particular, we restrict our attention to compression schemes involving a spatial DWT (Discrete Wavelet Transform) with D levels of decomposition within each slice. We then consider separable application of an additional transformation along the slice axis.
The KLT as a Slice Transform
The Karhunen-Loeve Transform (KLT) is noteworthy for its decorrelating properties and its ability to maximize the theoretical coding gain expression in the context of scalar quantization and coding. As such, it is a natural choice for the slice transform. Speci¿- If we ignore the spatial transform and assume direct scalar quantization and coding of the individual samples, +r d?o, produced by the slice transform, a coding gain expression may be developed. For unitary transforms, , the form of this coding gain expression is well known it may be given as
f is the variance of the original source samples, and j 2 tv is the variance of the samples in the transformed slice, +r d?o. The coding gain represents the factor by which the Mean Squared Error (MSE) of the reconstructed image can be reduced by introducing the slice transform, while keeping the overall compressed bit-rate constant. The derivation of this expression is based on assumptions which are valid strictly only for Gaussian sources at high bit-rates. Nevertheless, the coding gain expression provides useful insights into the gains which might be experienced by practical coders. Amongst all unitary transforms, , the KLT is known to be the unique transform which maximizes the value of C slice È . This expression, however, does not account for the fact that there is also a spatial transform. A more realistic coding gain expression may be developed by considering the variances of the spatial subbands with and without the slice transform. Spatial wavelet transforms are not generally unitary, or even orthogonal. Nevertheless, many transforms, including the Cohen-Daubechies-Feauveau b*. wavelet transform considered in our experiments later, are approximately orthogonal. Moreover, if quantization errors are uncorrelated from sample to sample, one may entirely dispense with any orthogonality requirement in deriving a valid coding gain expression. One ¿nds the following expressions for the coding gain of the spatial transform and the combined slice and spatial transform [13, =4.3.2] .
Here, j 2 u is the variance of subband K, #u is the fraction of the total number of samples which belong to subband K, and C u is an energy gain factor computed from the wavelet synthesis kernels. j 2 ur denotes the variance of spatial subband K, formed from slice transform component r.
The ratio C joint È *C spatial È is a much more realistic estimate of the performance gains which can be expected from the addition of a slice transform to the spatial transform of an existing image compression system. As we shall see, this ratio is generally much smaller than C slice È and agrees better with the gains actually observed when compressing volumetric data sets. Signi¿cantly, the KLT does not generally maximize this ratio.
Per-Subband Slice KLT
The slice-space transform described above could equivalently be performed by applying the spatial DWT to each slice and then applying the slice transform, , to each of the spatial subbands. This is a consequence of the separability of the transform. Since there is no reason to suppose that each spatial subband will exhibit the same statistics along the slice axis, one could hope to do better by selecting a different transform, u , for each spatial subband. Write C joint tÈ e for the joint slice-space coding gain using slice transforms, t u .
2 It is not hard to see that C joint tÈ e is maximized by choosing u as the KLT for band K -i.e., u is the unique transform which diagonalizes the slice covariance matrix associated with spatial subband K.
Since the per-subband KLT actually does maximize C joint tÈ e , it provides us with an upper bound for the performance which could be achieved by ¿nding the single slice transform, , which maximizes C joint È . The upper bound is not generally inclusive, since there are less degrees of freedom available when optimizing only a single slice transform, , than there are when optimizing separate transforms for each spatial subband. Nevertheless, the ratio between C joint tÈ e 'KLT e and C joint È'KLT gives us an upper bound on the loss in performance which we might be incurring by selecting the KLT as the single slice transform, . This saves us from having to directly solve the complex multi-modal optimization problem associated with ¿nding the best possible value for . As we shall see, this ratio is typically less than dB. Table 1 provides experimental evidence for the observations made above. For these results we use two volumetric image data sets. The "CT" data set consists of ee slices from a human chest, each with D2 f D2 samples, with 2 bits of precision. The slice separation varies from D to f mm, while the spatial resolution is fSD mm. The "MRI" data set is a 2ff slice scan of a human brain, each slice measuring 2DS f 2DS samples. The precision is f bits per Table 1 provide coding gain ¿gures. The ¿rst, C slice È=KLT , is the coding gain which would be achieved by the slice transform in the absence of any spatial transformation. This is the gain which is maximized by the KLT. As noted above, a more realistic performance measure is the ratio C joint tÈ'KLT *C spatial , while C joint tÈ e 'KLT e *C spatial represents an upper bound on the gain which one could hope to achieve by selecting the optimal slice transform, . Evidently, even though the KLT is not optimal as a global slice transform, it is de¿nitely within dB of the optimal transform for each image set. All of the results quoted in the table are obtained using the popular b*. spatial wavelet transform described by Cohen et al. [14] , with D levels of decomposition.
Empirical Observations
The last three rows in Table 1 show actual lossy compression results obtained using the JPEG2000 coding and rate allocation strategies [13] . Results are quoted in terms of Peak Signal to Noise Ratio (PSNR). Evidently, the actual gains observed due to the slice transform are signi¿cantly smaller than those suggested by the coding gain results. The differences between global and per-subband KLT results, however, are quite comparable to those predicted by the theoretical coding gains.
ADVANTAGES OF A SLICE DWT
As noted in Section 1, deployment of the KLT along the slice axis has a number of signi¿cant practical disadvantages. Chief among these are: 1) inability to include lossless representations within a scalable data stream and 2) inability to access individual slices from the volumetric data set, without retrieving and decompressing all slices. Both of these dif¿culties can be alleviated by replacing the KLT with a wavelet transform along the slice axis.
Truly reversible wavelet transforms, suitable for ef¿cient lossless compression, may be constructed within the lifting framework, as described by Calderbank et al. [15] . The reversible D* transform described in [16] and [14] involves two very simple lifting steps, which are also fundamental elements of the JPEG2000 standard [13, =10.4.2] it is natural to focus our attention on this transform here.
In addition to lossless compression, the limited region of support associated with the D* and other wavelet transforms ensures that an individual slice from the volumetric data set can be reconstructed from a limited set of transformed slices. With ( ' levels of slice DWT, using the D* kernels, at most D transformed slices are required for the reconstruction of any given original slice. With ( ' 2 levels of transform, at most H transformed slices are required.
Comparing the ¿rst three rows of Table 2 with the last two rows of Table 1 , we see that ( ' 2 levels of DWT along the slice axis are suf¿cient to obtain a good portion of the gain offered by the slice KLT. With ( ' D levels, substantially all of the gain available from a per-subband KLT may be achieved using the D* wavelet transform.
MOTION ADAPTIVE TRANSFORMS
The properties of the slice DWT may be further enhanced by introducing "motion " compensation operators into the individual lifting steps. Unlike motion compensated prediction, the use of motion compensation within the lifting steps of the wavelet transform has no adverse consequences for scalability. Nor indeed does it compromise the ability to achieve ef¿cient lossless compression. The reader is referred to [10] for a detailed explanation of this novel approach to constructing motion adaptive wavelet transforms. The effect of motion compensation is to modify the slice transform in such a way that the wavelet kernels are effectively applied along trajectories which more closely follow object surfaces in the volumetric data. This has two bene¿ts: 1) it tends to improve energy compaction and hence compression performance and 2) the transformed slices which correspond to low pass subbands from the slice DWT tend to resemble the original volumetric data slices
We use the term "motion" loosely here to refer to the apparent changes between successive slices. There is no actual motion, but the boundaries of any objects which are present in successive slices appear to undergo continuous deformation. This property is shared with motion video sequences. Referring to the last two rows of Table 2 , we see that motion compensation does indeed improve the performance of the D* transform. While this improvement is not enormous, it does allow fewer transform levels to be applied along the slice axis for the same compression performance. This, in turn, improves the ef¿ciency with which individual slices may be accessed. Perhaps more signi¿cantly, the low pass subbands from the slice transform are indeed signi¿cantly better representations of the subject matter than those obtained without motion compensation, as suggested by a comparison of Figures 1 and 2 . This has further bene¿cial implications for ef¿cient random access into the compressed volumetric data. We note that the cost of actually coding the motion information has not been taken into account in these preliminary results.
CONCLUSIONS
Although the KLT is not actually the optimal slice transform from the perspective of optimizing coding gain, its performance is close (within less than dB) to that of an optimal slice transform. Moreover, the slice KLT may be replaced by a wavelet transform without sacri¿cing compression performance. This is important, because reversible wavelet transforms allow lossless compression, while also permitting individual slices to be recovered from a small subset of the compressed data.
We have shown that compression performance and region of interest accessibility, can be further enhanced by incorporating motion compensation within the lifting steps of the slice DWT. While this research is still at a preliminary stage, motion adaptive transforms appear to offer signi¿cant potential for generating ef¿cient and highly accessible compressed representations of volumetric imagery.
